In the face of strong competition, the pulp and paper industry is aiming at higher pro"tability through increased productivity and the reduction of costs. In addition, on the global scale the industry is facing increasing market demands for higher product quality, more specialty products and improved production #exibility and environmental protection. Consequently, extensive research is being conducted to improve existing processes. One alternative, which is gaining increasing attention within the industry, is the improved control of existing processes by means of intelligent systems. In this paper, an intelligent kiln control system is presented. In the system, neural network models are used in conjunction with advanced high-level controllers based on fuzzy logic principles and a novel linguistic equation approach. Finally, the testing results of the system are presented and discussed.
Introduction
The complex dynamics and multi-variable nature of the calcination process, with its non-linear reaction kinetics, long time delays and variable lime mud feed characteristics, make the lime kiln process inherently di$cult to operate e$ciently. During its operation, many interconnected variables must be considered and control actions must be designed to meet multiple and sometimes con#icting objects, and changing operating conditions. Furthermore, some of the measurements are unreliable, and the kiln characteristics may change during a long run. The lime kiln operation may also be upset by disturbances such as changes in the composition and/or properties of the lime mud. In addition, certain process variables must be maintained within prede"ned constraints in order to assure safe operation of the kiln process and for protecting the environment.
Supervisory-level control of the kiln process is thus in many respects, a demanding task. Lime kilns are therefore frequently one of the last areas in a pulp mill to be automated and most of the kilns have been and are still operated without a supervisory-level control system. In contrast, there are outstanding improvement potentials associated with the improved control. Firstly, energy e$ciency can be improved considerably, and the bene"ts associated with a more stable lime quality can be signi"-cant when kiln control is improved (see Bailey & Willison, 1986 or Crowther, Blevins, & Burns 1987 . The costs associated with repairing the refractory lining can also be reduced if the number of high temperature excursions is reduced, as reported in Dekkiche (1991) and in McIlwain (1992) . Flue gas emissions can also be decreased when the occurrence of process upsets is eliminated, or at least reduced, by means of improved process control (Uronen & LeiviskaK , 1989; JaK rvensivu, Kivivasara, & Saari, 1999) .
The control of rotary kilns has been studied since the early 70s. The "rst applications were models based on the dynamics of the solids phase, the fundamental principles of heat transfer mechanisms, and the kinetics of drying, heating and calcining reactions. The developed models were used to estimate the temperature of solids, #ue gas and refractory along the length of the kiln. These models, and many of the models since developed, have provided a useful insight into the rotary kiln process and also increased our understanding of the interactions and time delays inherent in the kiln process (see e.g. Brown & Rastogi, 1983 and Edwards, 1991) . Although phenomenological models have been relatively successful in simulating the operation of a rotary kiln very few, if any, of these models have been extended from the simulation stage to the control of an industrial scale kiln. The main reason for that have been the di$-culties to achieve an adequately accurate model of the rotary kiln process. Therefore, the main emphasis turned to developing supervisory-level control systems based on empirical models, as described e.g. in Uronen and Aurasmaa (1979) . The "rst commercial supervisory-level system for the lime kiln was developed on the basis of these studies and its "rst industrial applications appeared already at the end of the 1970s in a Finnish pulp mill (Sutinen, 1981) . Other rotary kiln control systems based on the empirical models were also reported during the 1980's in the United States (see e.g. Bailey & Willison, 1985) .
The "rst experiments in applying fuzzy logic to rotary kiln control were carried out at a cement plant in 1978, and the "rst lime kiln control system based on fuzzy logic was installed in a Swedish pulp mill in the following year (Ostergaard, 1993) . Other industrial, fuzzy logic based kiln control applications have since been reported (Scheuer & Principato, 1995; Nilsson, 1997) . The "rst rule-based expert system for kiln control was developed in 1982 and, since then, the system has been further developed as described in Haspel, Taylor, and Brooks (1991) and in Dekkiche (1991) . Other rule-based systems for controlling rotary kilns have also been developed and reported (see e.g. Hall, 1993 and Hagemoen, 1993) .
In addition to fuzzy logic and rule-based systems, rotary kiln applications based on the model predictive control approach have been reported in the literature during the 90s. Simulation results are described in Charos, Taylor, and Arkun (1991) and in Zanovello and Budman (1999) , while the results of an industrial application can be found in Smith and Aggarwal (1998) and in Valiquette (1999) . A neural network based system has also been tested for the control of the simulated kiln and also proposed for an industrial application, as reported in Ribeiro and Correia (1995) . A rule-based kiln control system, in which neural networks are used to represent the rule set, has been reported in Yang, Yi, and Shouning (1997) . Recently, a rotary kiln control system incorporating a predictive-adaptive controller to maintain the process close to the setpoints being generated by an expert system was described in Barreto (1997) . In the same paper, neural networks in combination with the expert system were proposed as a potential candidate for future development.
To sum up, the state of the art in the rotary kiln control is that the systems based on the fuzzy logic and rule-based approach have already proven their applicability for controlling industrial kilns and systems combining various intelligent control and prediction techniques will be the future trend. In this paper, the structure and main functions of the supervisory-level control system of the lime kiln, which has been implemented at the Wisaforest pulp mill in western Finland, is presented. In the modular and hierarchically structured system, neural network models are used in conjunction with advanced high-level controllers based on fuzzy logic principles and a novel linguistic equation approach. Finally, the results obtained during the "ve-month testing period of the system are discussed and an assessment of the achieved bene"ts presented.
Process description
The causticizing process, which is a part of chemical recovery at the pulp mill as presented in Fig. 1 , produces white liquor from green liquor. This process consumes lime, CaO, and produces lime mud, principally CaCO , as a by-product. The purpose of calcination is to convert the mud back into lime for reuse in the causticizing. The prime method used for calcination in the pulp industry is a rotary kiln. Conceptually, the lime kiln, which is a large cylindrical oven, can be divided into four process zones according to the temperature pro"le of the solids material and the #ue gas in the kiln. These four zones are drying of the wet mud, heating of the mud powder up to the reaction temperature, calcining of calcium carbonate into calcium oxide, and agglomeration of the formed "ne powder into granules. The endothermic calcining reaction (Eq. 1) starts at about 8003C, and the reaction heat required is 1.8 MJ/kg CaCO decomposed.
An overview of the lime kiln process at the Wisaforest pulp mill is presented in Fig. 2 . The lime mud is "rst washed and then de-watered by means of two parallel vacuum drum "lters. After the "lters, the mud at about 75% dry solids is conveyed to a screw feeder, which distributes it into the #ue gas duct. The #ue gas then carries the mud into a cyclone, which is called the lime mud drier (LMD). Simultaneously, heat is transferred from the #ue gas to the wet mud, which evaporates o! the residual moisture. The dried and preheated mud powder is discharged from the bottom cone of the cyclone and fed into the cold-end of the kiln. After the LMD cyclone, the #ue gas passes through an electrical precipitator and two-stage venture type wet scrubber. The dust, which is captured in the electrical precipitator, is fed back into the kiln together with the preheated mud. The mud powder then moves down the gradient of the kiln as a result of the inclination and rotation, and the burnt lime is discharged from the kiln through the product coolers located at the hot-end of the kiln. About 80% of the total heat energy input into the kiln is obtained by gasifying sawmill dust in a circulating #uidized bed gasi"er and then, burning the generated gas in a burner installed at the hot-end of the kiln. Heavy fuel oil is only used as a secondary fuel. Primary combustion air, which is taken between the stationary hood and the product coolers, is forced into the kiln together with the fuel. Secondary combustion air is induced into the kiln by a low negative pressure maintained by an induced draught fan located after the electrical precipitator in the kiln exhaust system. The resulting counter-current #ow of the hot combustion gases from the hot-end to the cold-end of the kiln distributes the heat energy along the length of the kiln.
Background and objectives of the project
The kiln process has been extensively studied at the Wisaforest mill since the beginning of the 90s. A kiln control system based on fuzzy logic was developed during 1993. Further details on the system, which was formulated on the basis of operator interviews and implemented in the DCS, can be found in Penttinen (1994) and in Ruotsalainen (1994) . Encouraged by the promising results, the research was continued with the main emphasis on applying a novel linguistic-equation approach for fuzzy modeling and simulation of the kiln process (see e.g. Juuso, Ahola, & LeiviskaK , 1996) .
A "eld survey of the operation of the kiln process with special attention paid to the reduced sulfur emissions was carried out concurrently at the mill. The results of the survey showed, in addition to a considerable enhancement potential in the performance of the kiln process, that improved control is also a feasible means of reducing kiln emissions (JaK rvensivu, Kivivasara, & Saari, 1999) . The research was then continued with the aim of developing, on the basis of the accumulated process knowledge, a supervisory-level control system for the kiln process. Preliminary results of the kiln control system are reported for e.g. in Sievola (1999) , JaK rvensivu, Juuso, Sievola, LeiviskaK , and JaK msaK -Jounela (1999) , and JaK rvensivu and JaK msaK -Jounela (1999).
Overall structure of the kiln control system
The lime kiln control system at the Wisaforest pulp mill consists of in addition to basic instrumentation, on-line analyzers, a process automation system and an information system, an intelligent supervisory-level system, as illustrated in Fig. 3 . The basic instrumentation of the kiln process includes for instance electromagnetic #ow meters, radioactive density meters, pressure sensors, thermocouples and a pyrometer. On-line analyzers are used for measuring excess oxygen and sulfur dioxide of the #ue gas and total reduced sulfur (TRS) emissions. The kiln instrumentation is presented in Fig. 4 .
The automation system (ALCONT), which is a DCS supplied by Honeywell-Measurex, provides an interface to the basic instrumentation and the #ue gas analyzers, and also carries out the handling of alarms, safety interlocks and logic sequences, as well as basic-level control loops. The information system, XIS supplied by Neles Automation, is used to collect all the kiln process measurements from the automation system, and it provides also access to the results of the laboratory analysis. The information system also performs the calculations of the average values at di!erent time intervals, and archives both the current and historical data into the real time database (RTDB). The major measurements, the frequently performed laboratory analysis, and the most important basic-level control loops of the kiln process are listed in Tables 1 and 2 , respectively.
The supervisory-level system is implemented using a Windows NT workstation and G2, which is an objectoriented environment for developing and deploying intelligent systems, from Gensym. The system is divided into hierarchically structured modules, as illustrated in Fig. 5 . The lowest level of the system provides bi-directional interface to the low-level systems through a bridge to the RTDB of the information system. It also calculates the speci"c values required at a higher level in the application. The next level in the hierarchy has been designed to ensure stable operation of the kiln process. In practice, it is done by means of appropriate changes made in the setpoints (SPs) of the basic-level control loops, which are implemented in the DCS system. The purpose of the highest level in the hierarchy is to optimize the kiln process operation in respect to the lime quality, kiln energy e$ciency and environmental protection by means of determining the optimum target values for the stabilizing-level controllers.
High-level control of the kiln process operation

Controlled, constraint and manipulated variables
In the kiln process at the Wisaforest pulp mill, as in all the other lime kiln processes as well, the primary output variables such as the residual CaCO content and causticizing e$ciency of the burnt lime, are not measured on-line. For instance, at the Wisaforest case the burnt lime is manually sampled with an 8 h time interval and the residual CaCO content of the sample is analyzed with a delay time of about 2 h in the laboratory. The laboratory analysis is signi"cantly delayed and therefore, impracticable from the control point of view. Therefore, measurable state variables with known correlation with the primary process outputs need to be chosen as controlled variables.
In the Wisaforest case, the excess oxygen content of the #ue gas after the LMD cyclone, the temperature of the #ue gas in the cold-end of the kiln and the hot-end temperature measured by means of a thermometer were selected as controlled variables. The excess oxygen and cold-end temperature are closely related with both the #ue gas emissions and heat losses. Whereas, the hot-end temperature a!ects "rst and foremost the lime quality, but also the heat energy consumption. Besides the controlled variables the total reduced sulfur (TRS) emissions, LMD temperature and pressure in the cold-end of the kiln were selected as constraint variables. While, the draught fan speed and sawdust feed rate were selected as the manipulated variables of the control system due to a strong and predictable correlation with both the controlled and constraint variables. The rotational kiln speed was also selected as a manipulated variable, because it provides a mean for the control of the residence time of the solids material in the kiln. The controlled, constraint and manipulated variables are summarized in Table 3 .
High-level control modules
The high-level control of the kiln process is carried out by means of the inter-related modules of the feedforward control models, stabilizing controllers and constraints handling, as illustrated in Fig. 6 .
The main purpose of the feedforward control models (FFMs) module is to take care of pending production rate change. The FFMs module manages production rate change by means of appropriate adjustments made in the setpoints of the basic-level control loops in the kiln process. The purpose of the stabilizing controllers (SCs) module is to provide adaptation after unmeasureable disturbances in the kiln process inputs or the process itself by means of small corrections in the SPs. On top of the SCs module, the constraints handling (CH) module is activated for protecting personnel, equipment and the environment when preset constraints are exceeded, e.g. in the case of severe disturbances and/or abnormal process conditions. In addition, the CHs module is used to tackle large deviations from the target conditions by means of stepwise changes in the SPs.
The FFMs module relies on the predetermined relationships obtained from the large amount of process data collected at the Wisaforest mill. While, the SCs and CH modules rely on real-time inference of the state of the kiln process with respect to the target values that are determined at a highest level in the system as well as preset and dynamic constraints.
The new SPs for the draught fan speed (FAN), sawdust feed rate (DUST) and kiln rotational speed (KRPM) are determined based on the most recent outputs of the FFCs module, and the latest corrections made by means of the SCs module. Before enforcing the new setpoints into the DCS, they are however checked with respect to the acceptable range for the SPs in order to ensure safe operation of the kiln process in the case of instrument failures or other unexpected fault situations. The acceptable range is calculated by the system as a pipe around the FFu G , as shown in Eqs. (2) and (3):
where uFP and uJP are the high and low boundaries, respectively. G and G are constants used to calculate the width of the range for acceptable SPs. The acceptable range is also limited by the preset low and high limits, uJJ G and uFJ G , respectively. The principle used in determining the SPs is also illustrated schematically in Fig. 7 . The output of the FFMs module is shown in the "gure as a non-linear curve in the middle of the range for the acceptable SP. Whereas, the latest value of the SCu G , and CHu G , which are add to (or subtract from) the FFu G determine the actual value of the setpoint. Table 4 gives the tuningparameter values used for the constants ( G and G ), and the high and low limits (uFJ G and uJJ G ) used in the current version of the system, while, each of the modules is described in more detail below. 
where m and n stand for the number of 10 min average values used to calculate the moving averages of the production rate (d .0-" ) and the cold-end pressure (x !#. ), respectively. Table 5 presents tuning parameter values used for the intercept, the regression coe$cient and determining the number of measurement used in the moving average calculation. The model complies with the relationship between the production rate and kiln rotational speed obtained from the kiln manufacturer, who recommends that the rotation speed is increased along with increasing production rate in order to maintain a constant "lling rate in the kiln. In addition, the model takes into account the cold-end pressure, which is used to indirectly indicate undesired ring formation in the coldend of the kiln. An increase in the kiln rotational speed when the cold-end pressure is decreased is used to prevent further ring formation and to promote removal of the existing ring.
The models used for the FFC of the draught fan speed and sawdust feed rate are backpropagation neural network (NN) models. The NN models with linear transfer functions in the input and output layer, and sigmoidal transfer functions in the hidden layer, are applied due to the non-linear relationships obtained between the variables. NN models with two input variables, single output variable, and one hidden layer and as few as possible hidden nodes are, however, applied. Models with a greater number of hidden nodes were also tested and those gave smaller training and even testing errors than the applied models. Despite the smaller errors, these models generated unexpected outputs with certain combinations of the input pairs, for the reason that those larger networks tended to learn also uncharacteristic correlation found in the data. In this case, robustness with respect to the noisy process data is more important than close correlation with the training data in order to provide models with a predictable behavior.
The inputs of the model used for the FFC of the draught fan speed are the 150 min moving average of the production rate and the 180 min moving average of the cold-end pressure. The inputs and corresponding scaling factors, as well as con"gurations of the model is presented in Table 6 . Fig. 8 shows the output of the model as a function of the production rate, which has a dominant in#uence on the output. The draught fan speed is increased to ensure a proper #ow of the combustion air into the kiln, i.e. an appropriate level of the excess oxygen in the #ue gas, when the production rate is raised, and vice versa. The other input in the model, the cold-end pressure, is used to compensate the restrictive in#uence of the existing ring on the #ue gas #ow, and hence also on heat transfer from the burning zone to the cold-end of the kiln.
Two separate NN models, described in more detail in Tables 7 and 8 , are applied for FFC of the sawdust feed rate depending on the rate of heavy fuel oil burning, which is set manually at a level of between 0.1 kg/s and 0.3 kg/s when it is burned. The "rst model is used when sawdust is burned alone, and the other model when heavy fuel oil is burned as a secondary fuel in addition to sawdust. In both cases, the sawdust feed rate is altered in accordance with the 150 min moving average of the production rate. The "rst model also takes into account the 180 min moving average of the torque (load) of the kiln drive, which is an indirect indication of the amount of solids in the kiln. This is done in order to provide su$-cient heat energy to the kiln for heating the solids up to the reaction temperature, and for calcining the calcium carbonate into calcium oxide, while ensuring that the lime is not over-burned. In the other model, the 10 min moving average of the #ow rate of fuel oil is used as a second input in order to maintain the total heat energy input into the kiln despite the changes made to the fuel oil #ow rate. Fig. 8 shows the output of the model as a function of the production rate, which has a dominant in#uence on the output.
In the above-described FFC models, which are executed at 10 min scan intervals, moving averages of the input variables can be applied to avoid #uctuation of the model outputs in the case of short-term disturbances in 
Bnp"Backpropagation neural network model. X, X, X"Input, hidden and output layer nodes, respectively. L"Linear transfer function, S"Sigmoidal transfer function. the input variables. In addition, by using appropriate moving averages of the input variables straightforward steady-state models can approximate dynamic behavior of the process during gradual changes such as a pending production rate change (note: fast and unexpected changes occurring in the process are handled by means of the stabilizing controllers and/or constraint problem handling module). The width of the time windows applied for the input variables in the models were selected based on the domain knowledge of the applicable process delays and performed time series analysis of the collected process data.
Stabilizing controllers and constraints handling
The draught fan speed is corrected at 10 min scan intervals on the basis of the excess oxygen content of the #ue gas and the temperature pro"le along the length of the kiln, by means of a SC based on fuzzy logic principles. The actual correction is a weighed average of the corrections determined to bring the excess oxygen content as well as the cold-and hot-end temperatures closer to the target values. The fuzzy logic approach is applied because an appropriate correction to the draught fan speed is often a compromise between three con#icting corrections required to bring these three variables to their target values. An increase in the draught fan speed is used to increase the excess oxygen, raise the cold-end temperature and lower the hot-end temperature, and vice versa. Fig. 9 presents, as an example, the correction on the draught fan speed as a function of the error in the excess oxygen.
In addition, structured natural language rules together with procedural reasoning are used to check the LMD temperature each time a new measurement is obtained. If it is below the preset or dynamic limit then the draught fan speed is increased by the constraint handling (CH) module. Reasonable large step changes (about 5}10 times bigger than corrections made by means of the SC per one cycle) are used in order to eliminate the risk of increased emissions of hydrogen sul"de, and also to avoid the formation of acid condensates in the #ue gas channel, both of which are formed due to the too low temperature during lime mud drying. The CH module is also used to BnP"Backpropagation neural network model. X, X, X"Input, hidden and ouput layer nodes, respectively. L"Linear transfer function, S"Sigmoidal transfer function.
increase the draught fan speed if the excess oxygen level is already low while, at the same time, the fuel supply into the kiln is increased either by the system or manually by the operator.
Correspondingly, the sawdust feed rate is corrected at 5 min scan intervals in order to maintain the cold-and especially hot-end temperatures at their target values. The small corrections to the SP of the sawdust feed rate are determined by means of a SC based on a novel PI-type linguistic equation (LE) controller providing enhanced features for handling non-linearity and disturbances, as well as for managing changes in the operating conditions.
The basic LE controller applied to determine appropriate correction to the sawdust feed rate is expressed as follows
where e !#2 , e &#2 , are the most recent error in the cold-, and hot-end temperature, respectively. While, e !#2
, and e &#2 stand for the change in the cold-and hot-end temperature during the last "ve minutes, respectively. Fig. 10 shows the non-linear membership de"nition for the error in the hot-end temperature as an example of the relationships between the real values and the linguistic values applied in the LE controller. While, Besides the basic LE controller, the braking action is automatically activated if the error in the cold-or hotend temperature exceeds a certain value. Large errors occur from time to time especially in the hot-end temperature due to rapid changes in the heat energy content of the sawdust fed into the gasi"er. The controller returns back to normal operation when the fast trend in the controlled variable is removed.
Changes in the operating conditions are taken into account by means of the WP equation. For instance, the corrections of the sawdust feed rate is at their largest when the production rate are high, and vice versa, because at a high production rate larger control actions are required to correct the same deviation as at a low production rate. In addition, the consumption of burning air in the sawdust gasi"er, which correlates with the sawdust quality (SDQ), is used for scaling the corrections. Smaller corrections are made with high-quality sawdust than with low-quality sawdust. Scaling the determined corrections on the basis of the WP and SDQ, provides a certain level of adaptivity and hence, enables the single LE controller to be tuned for di!erent operating conditions. In the case of a large deviation in the hot-end temperature, or fast changes in SDQ, the CH module is however activated for making stepwise correction to the sawdust feed rate in order to avoid extensive temperature excursions.
A PI-type LE controller is represented by a single linguistic equation as follows:
where e is the linguistic value (LV) of the error, e is the LV of the derivative of the error and u is the LV of the change of the control variable. Eq. (6) is a special case of the matrix equation AX"0 with the interaction matrix A"[1 1 !1], which describe the direction of the interaction between variables, and linguistic variables de"ned as X"[e e u]2. In the LE approach non-linearity is handled by means of membership de"nitions, which correspond to membership functions used in conventional fuzzy logic controllers. Eq. (7) is used to convert real values (RVs) to linguistic values, while Eq. (8) is applied for re-converting LVs back to RVs.
Changes in the operating conditions are taken into account by means of the working point (WP) equation. WP equation is used to scale the control surface of the basic LE controller by modifying the membership de"nitions for the change of control variable ( u) according to the operating conditions of the process, i.e. by making the control surface either #atter or steeper. The use of WP for scaling the output extends the basic LE controller to adaptive controller. In addition, the LE controller comprise so called predictive braking action, which emphasizes the in#uence of the change in the error, and correspondingly diminishes the in#uence of the error when the controlled variable approaches the target after a large initial error. Braking action, which corresponds to predictive switching control, reduces the risk for common problems such as oscillation and large overshoot after considerable disturbances. Above-described features, i.e. adaptation based on the WP and predictive braking action, are fully integrated in the basic LE controller, which ensure smooth operation of the LE controller over a large operational area (Juuso, Balsa, & Valenzuela 1998; Juuso, 1999) .
Optimization of the kiln process operation
The improved stability of the process obtained by the high-level control modules allows operation of the kiln process closer to the constraints, and therefore closer to the optimum. In order to realize the bene"ts of the reduced variability, the target values of the controlled variables need to be shifted closer to the constraints. Control of the process within a narrowed safety margin, in the presence of unmeasurable changes in the process, necessitates additional supervision and corresponding high-level adjustments to the target values for ful"lling the objectives set on lime quality and energy e$ciency as well as the limit set on emissions. The adjustments required to maintain the process close to the optimal state are computed by means of the target value module on the basis of the kiln operating conditions. The target value for the hot-end temperature is determined by means of the NN model, which was developed on the basis of the process data. The model takes into account the 150 min moving average of the production rate, and the load of the kiln drive as well as the 10 min average value of the heavy fuel oil #ow rate. The inputs and corresponding scaling factors, as well as con"gurations of the model is presented in Table 10 .
While, Fig. 11 shows how the target value is increased in order to maintain the lime quality within the optimum range when the production rate or the torque of the kiln drive increases, and vice versa. The "gure also illustrates the in#uence of heavy fuel oil burning on the calculated target value. The burning of heavy fuel oil a!ects the shape and length of the #ame, and the proportion of cold secondary burning air also increases. As a result, the burning of heavy fuel oil has an in#uence on the range of the hot-end temperature readings, and hence, the target also needs to be adjusted.
The target value for the cold-end temperature is adjusted on the basis of the 150 min, moving average of the production rate, the LMD temperature, which correlates with the moisture content of the lime mud, and the cold-end pressure by means of an NN model. The model is used for calculating the adjustments needed to maintain the heat content of the #ue gas at a proper level for drying and heating up the wet lime mud fed into the kiln. The target value is however lowered if the LMD temperature is high enough and increased accordingly when the LMD temperature decreases below the preset limit. The target value for the excess oxygen content of the yue gas is adjusted on the basis of the 120 min, moving average of the total reduced sulfur emission, which is not in#uenced by the rate of air in"ltration before the measurement point. If the emissions are low enough, the target value is lowered with small steps in order to keep the heat losses caused by the hot #ue gases leaving the kiln at the lowest 
Bnp"Backpropagation neural network model. X, X, X"Input, hidden and output layer nodes, respectively. L"Linear transfer function, S"Sigmoidal transfer function. The average runtime is calculated as the mean time of the draught fan speed, the sawdust feed rate and the rotational kiln speed control loops in the closed loop mode divided by the time that the kiln process has been in operation and the sawdust has been burned alone or together with heavy fuel oil. possible level. In the opposite case, the target value is increased in order to avoid exceeding the limit if the emissions start to rise.
Results
Average runtime of the system
The supervisory-level system was connected on-line at the Wisaforest mill for "rst time at the end of February, 1998. The third version of the system, which is described in this paper, has been in operation since the beginning of February, 1999. The average runtime of the system between March 1998 and June 1999 is shown in Fig. 12 on a monthly average basis. The average runtime in the closed loop mode was about 45% between March 1998 and January 1999 during the incremental development of the system. While, the average runtime in the closed loop mode has been over 85%, between February 1999 and June 1999 during the "ve-month testing period of the system. During the testing period, the system was entirely supervised by the operators, and reached a relatively high level of utilization of the system, which justi"es the system acceptance by the operators.
Dynamic performance of the system
The dynamic performance of the system was veri"ed based on the data collected during the continuous fourday runtime span at the beginning of April 1999. Fig. 13 presents the production rate (lower chart), and the hotend temperature and excess oxygen (upper chart), i.e. the controlled variables, at the one-hour average level. Both controlled variables have been maintained relatively close to their target values despite large changes carried out on the production rate during the examined period, which demonstrates the ability of the system to track the target values of the controlled variables even in the face of considerable load disturbances.
A 24 h period, which is marked with dashed line in Fig. 13 , was selected for further analysis. The period includes intentionally, at "rst, a production rate change, and then an extended period of the kiln operation at the constant production rate. The hot-end temperature and excess oxygen at 10 min average level during the 24 h period are presented in Fig. 14. The "gure shows that excess oxygen has been maintained between 1.8% and 3.8%, which is an appropriate range for the excess oxygen from the energy e$ciency and environment protection points of view. Fig. 14 shows also that the hot-end temperature has been maintained relatively stable during the pending production rate change (the "rst section of the "gure). The temperature has then successfully been stabilized at the target level shortly after the kiln process has reached a constant production rate, as illustrated in the second section of the "gure.
The draught fan speed and sawdust feed rate during the same 24 h period are presented in Fig. 15 . The continuous lines in the "gure represent the actual values of the setpoints, while the dashed lines stand for the output Temperature readings below about 5803C arise when oil is burned and there is a subsequent increase in the amount of cold burning air #owing past the thermometer that is mounted on the front-wall of kiln. This lowers the range of the temperature readings by nearly 1003C compared to the situation when pure sawdust is burned. Fig. 18 illustrates the heat energy consumption as a function of the production rate during manual operation and the testing period after the preprocessed data had "rst been classi"ed into four groups according to the production rate (i.e. 22}26, 26}30, 30}34, and 34}38 t/h) and the mean in each group calculated.
values of the feedforward module. Consequently, the di!erence between the continuous and dashed line corresponds to the correction made by the stabilizing controller, and/or constraints handling module. The "rst section of Fig. 15 shows that relatively large adjustments have been carried out by means of the feedforward module to compensate the in#uence of the production rate change. The dashed lines, i.e. the output values of the feedforward models, have however been leveled out, and only small corrections have then been carried out by the stabilizing controllers to maintain the target values when the kiln process has been operated at the constant production rate.
The examined 24 h period includes also a period of an exceptional fast decline in the temperature, shown at the beginning of the third section in Fig. 14 . The fast decline (about 303C in less than 2 h) was the consequence of a considerable disturbance in the heat energy input to the kiln caused either due to a decrease in the actual sawdust feed rate or a deterioration in the sawdust quality. The system responded on the decline of the temperature by an immediate and relative large increase in the sawdust feed rate and a gradual decrease in the draught fan speed, as illustrated in Fig. 15 . As a result, the system was able to prevent the further decline of the temperature, and subsequently to bring the temperature back to an appropriate range. The fast response and especially the success in leveling out the temperature after the excursion demonstrates e!ective disturbance rejection capabilities of the system. Fig. 15 illustrates also two examples of corrections made based on the detection of the low level of the excess oxygen. These stepwise corrections on the draught fan speed, which were carried out by the constrainthandling module in order to prevent consequential total reduced sulfur emissions in the case of further decrease in the excess oxygen, exemplify the system capability to handle also constraint problems.
Statistical analysis of the obtained results
The evaluation of the operational results was carried out by means of the statistical analysis of the data collected during the manual operation, between December 1996 and February 1998 and the corresponding data obtained during the "ve-month testing period of the system. First, the large amount of raw data was preprocessed. During pre-processing the erroneous measurements and invalid data that were collected during abnormal situations were systematically rejected. Comprehensive statistical analysis was then performed in parallel on the data collected during the manual operation and the testing period (see Table 11 ). The statistics concerning excess oxygen and the hot-end temperature are discussed in more detail below.
The mean value of the excess oxygen content of the #ue gas measured after the LMD cyclone was 3.9% during manual operation, and the lower and upper quartiles (i.e. 25th and 75th percentile) were 3.2% and 4.5%, respectively. During the testing period of the system, the mean value of the excess oxygen was 3.3%, and the lower and upper quartiles were 2.8% and 3.8%, respectively. According to the statistics, the mean value has been reduced by about 15% and the quartile range has been decreased by more than 20% (see Fig. 16 ). The mean value of the hot-end temperature measured by means of a thermometer was 6453C during manual operation, and the lower and upper quartiles were 6273C and 6653C, respectively, when sawdust has been used as a primary fuel. During the testing period, the mean value was 6083C and the lower and upper quartiles were 6003C and 6203C, respectively. The mean value has been reduced by nearly 403C, and the quartile range and the standard deviation have declined nearly 50% and more than 30%, respectively (see Fig. 17 ).
Assessment of benexts
The major quanti"able bene"t in an economical sense was a noteworthy reduction in the heat energy consumption. During the testing period between February 1999 and June 1999, the mean of the speci"c heat energy consumption (5.5 GJ/t ! -) was nearly 7% lower than the respective value during the manual operation (5.9 GJ/t ! -), when data collected during similar operating conditions were compared. A decrease in the heat energy consumption is associated with a decrease in the excess of burning air (see Fig. 16 and Table 11), i.e. the energy unnecessarily used to heat up cold burning air. It is also related to a reduction in both the cold-and hot-end as well as burn lime temperature (see Fig. 17 and Table 6 ), which indicates a subsequent reduction in the heat losses caused by radiation from the kiln shell into the surroundings.
The decline in the energy consumption has been considerable over the entire production rate range and the decline has been greatest at low production rates, see Fig.  18 . Furthermore, if we assume an average production rate of 32 t/h, and the quanti"ed reduction in the mean of the energy consumption is utilized, the savings in energy account for about one million Finnish marks per annum. Include all the collected hot-end temperature measurements. Include only the hot-end temperature measurements that was collected when sawdust has been used as the primary fuel.
In the laboratory, the quality of the burnt lime is characteristically judged in terms of causticizing e$ciency and residual calcium carbonate content (Theliander, 1988) . The causticizing e$ciency, which usually constitutes from 75% to 80%, is closely correlated to the porosity of the burnt lime and hence also the reactivity of the lime in the slaking. While, the residual carbonate content, which usually constitutes from 1% to 5% of the product, determines the extent of calcination reaction.
In addition to the easily quanti"able energy savings, improvements in the burnt lime quality have also been obtained. Fig. 19 shows the causticizing ezciency, which was analyzed "ve times a week on composite samples, as a function of the production rate. Fig. 20 illustrates the relationship between the residual calcium carbonate (CaCO ) content and the production rate. The residual CaCO was manually sampled at an 8 h time interval and analyzed with a delay time of about 1}2 hours in the laboratory. While, Fig. 21 shows the causticizing e$ciency as a function of the residual CaCO content. Despite a slight increase in the residual CaCO content of the burnt lime shown in Fig. 20 , the causticizing e$ciency has been increased by about 1 abs. %. Above-described quality improvements can already be assumed on the basis of the signi"cant reduction shown in the variability and upper quartiles of the hot-end and burning zone temperature measurements (see also Fig. 17 and Table 11) .
From the ecological point of the view, the quanti"able major bene"t was the decrease in the total reduced sulfur (TRS) emissions. The mean of the TRS emissions, which was measured on-line by an analyzer, was 8.1 ppm in manual operation, and the lower and upper quartiles were 4.4 and 10.3 ppm, respectively. During the testing period, the mean of the TRS emissions was 7.2 ppm, and the lower and upper quartiles were 4.5 and 9.1 ppm, respectively. The mean has been reduced by over 10%, and the upper quartile was reduced by about 12%. A frequency distribution of the TRS emissions collected during manual operation and the testing period are presented in Fig. 22 . In addition to the above statistics, Fig. 22 also shows that the proportion of values above 12 ppm, caused predominantly by short-term emission peaks, has been reduced by about 50%. The reduction in the emissions peaks was primarily obtained as a result of the improved emission control during high production rate periods, as illustrated in Fig. 23 .
Furthermore, the overall balance of carbon dioxide (CO ) emissions, which are always formed in organic combustion processes in the presence of oxygen, was positively in#uenced because fossil fuel, i.e. heavy fuel oil, was replaced by sawmill dust, which is a renewable energy source (see Table 3 ). In addition, although the CO emissions were not measured during the study period, it can be assumed that the actual CO emissions were also reduced as a result of the overall reduction in the energy consumption. It can also be assumed that nitrogen oxide (NO ) emissions were decreased by the reduction in the amount of excess air.
Conclusions and future work
The intelligent supervisory-level kiln control system has been successfully operated at the Wisaforest pulp mill in Finland. The major quanti"able bene"ts was the almost 7% decrease in energy consumption compared to manual operation. In addition, improvements have been obtained in burnt lime quality. From the ecological point of the view, the major quanti"able bene"ts were an over 10% decrease in the total reduced sulfur (TRS) emissions, and a reduction of about 50% in the proportion of high emission periods. In addition, the testing period of the system has shown an improvement in operational #exib-ility. Furthermore, the operator's workload has fallen and the plant personnel have a better insight into their process. Fig. 19 . Causticizing e$ciency as a function of the production rate during manual operation and the testing period. On the other hand, in order to guarantee proper functioning of the system over long-term operation, further development is required in order to enhance maintainability of the implemented system. Furthermore, the kiln operators currently take over operation of the kiln during shutdown, start-up and major plant upsets such as repair of the "lter fabric and changes in the fuel mixture. Consequently, an automatic sequence for supervising kiln shutdowns and start-up periods, as well as enhancement of the handling of major disturbances, is recommended as the next step in the development of the system. Improvement in user interface in the form of intelligent alarms and kiln status indications is also recommended.
Of more general relevance, the experience gained during the development of the system has shown that experimental knowledge of a process behavior, together with proper combination of intelligent techniques, can be applied to improve process e$ciency and produce considerable bene"ts. Therefore, the development of a similar type of intelligent system for other industrial processes is also a potential candidate for future developments.
